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Abstract: As social media is growing, more and more users tend to attach a picture with their
posts to convey their tendency. So, it is necessary to find a way to realize the sentiment
tendency to label the user, which can act as a reference when the system pushes personal
information for the user. This article reviews the articles that make big contributions to
Multimodal Sentiment Analysis and compares two types of multiply model sentiment
analysis models, Entity-Sensitive Attention Fusion Network (ESAFN) and Multi-Interactive
Memory Network (MIMN), from text process, picture process, the structure of the model, the
generation of the dataset, and the result. The results indicate that ESAFN outperforms MIMN
in both accuracy and MACRO-F1, suggesting that ESAFN demonstrates better stability and
reliability across different datasets, potentially due to its more consistent ranking standards
and data handling approach. This article also points out some limitations of these two models
in model structure and dataset correctly.
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1. Introduction

User portrait construction and personalized information push based on big data technology are
important means to improve user experience. As an important attribute of user behavior, emotional
tendency occupies a significant position in user portraits. Therefore, sentiment analysis is an
important and valuable direction of analysis. However, as emotions are unique to humans, it is
difficult for machines to predict human emotions in a formulaic way. In addition, with the upgrade
of social media and the increase in network bandwidth, users tend to post composite information of
text and images. Images carry subtle human emotions, so image information must be considered when
conducting sentiment analysis.

Some previous articles make contributions to it. For example, Poria clarifies the baseline of
multimodal sentiment analysis, Chen introduces a multimodal sentiment analysis architecture of
Gated Recurrent Unit (GRU) with a temporal attention mechanism, which gains 76.5 percent accurate
performance [1,2]. Multimodal Sentiment Analysis To Explore the Structure of Emotions suggests a
multimodal sentiment aspect analytical method and gets 72% accuracy in the text set [3].

This paper compares two models for social media sentiment analysis using multimodal technology:
Entity-Sensitive Attention and Fusion Network (ESANF) and Multi-Interactive Memory Network
(MIMN).

© 2025 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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2. Method
2.1. ESAFN's Construction

ESANF processes the sentence and picture separately and then combines them for being processed
by ESANF [4]. The first step is finding out the preceding text, the following text, and itself of the
entity and embedding them to a vector, which can help the model understand the contextual
information with multiple entities [5-7]. In the second place, the ResNet, a type of Convolutional
Neural Network (CNN), which is used to process pictures, is used to process the picture, being
compressed to 214x214 pixels, into a vector [8]. Then, together, the sentence vector and the picture
vector in a series of steps to get the result.

2.2. MIMN's Construction

MIMN uses word representation method embedding the aspect into a vector and then using LSTM to
bidirectional process it [5,9]. Words and images also are processed by word representation method
and LSTM (in Figure 1) (Long Short Term Memory) bidirectional processing to MTand M [9].
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Figure 1: The structure of MIMN [5]
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3. Comparison
3.1. Dataset

ESAFN’s team creates their dataset from two previous essays’ dataset, which contains the user’s
multiple-model posts in Twitter(X) from 2014 to 2015 and related multiple-model posts from 2016
to 2017 [11,12]. The entities from the dataset cover four classes: Person, Place, Organization, and
other. Then invite a specialist in a related field to mark the text and related picture. Cohen's kappa
coefficient was used to evaluate the consistency of them, and the label that received the most votes
will be considered as the golden label [13]. Also delete data whose label is different. The final data
is divided into three parts, which are the train set (60%), development set (20%), test set (20%).

MIMN’s team creates their dataset by collecting multiple-model information from a China website
ZOL.com. Getting a lot of mobile phone comments and marking them 1 to 6 aspect. Each aspect has
arank 1 to 10 which represents the user’s attitude to this aspect.

ESANF’s dataset has a larger range of the types of the data, but MIMN’s only uses data from
ZOL.com in the mobile field. So MIMN’s appearance in another field needs further analysis. Also,
ESANF’s entities evaluation was ranked by a specialist in this field and uses some mathematical
method to make sure the data’s accuracy, so this dataset is more authoritative, but MIMN’s data
aspects extraction and aspects marking’s approach are not revealed (subjective opinion makes a big
influence in marking). The conclusion is that the dataset of ESANF has more accuracy and authority
than MIMN’’s.

3.2. Picture Process

ESANF uses ResNetl152 and MINM uses ResNet50 to extract the information in the picture, and
ResNet152 has more parameters, so it has a better performance in extracting details in the picture
[8,14,15]. ESANF compresses the picture into 224x224 pixels and divides it into 49 son set pictures,
which are 32x32 pixels. And then get a matrix that is 2048x7x7, which makes the model more
accurately extract details about the entities. MIMN’s operation about picture is the same as ESANF’s,
and the exclusive difference is the ResNet’s layer. And MIMN also uses LSTM to bidirectionally
process the vector to find the hidden state of the picture.

There is a question in the process picture, that simply compressing the picture will make the picture
lose some details, but some pictures’ key information is in these details. So simply compressing the
picture is not a good way. PCNet maybe a good way to overcome it [16]. Also, there is another
problem that there are a lot of posts in social media related to the current online hotspots. In future
models, it should add RAG and another related method to make the model realize the newest
information [17].

3.3. Result

Due to these two models' use of different datasets and different evaluation way, the result comparison
(Tables 1, Table 2) is to be regarded as a reference. The results are as follows:

Table 1: ESANF’s appearance in test data

TWITTER-14 TWITTER-15 TWITTER-17
ACC 72.25 71.36 65.80
MACRO-F1 71.42 64.28 62.00
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Table 2: MIMN’s appearance in test data

ACC 61.59
MACRO-F1 60.51

It is apparent that the appearance of MIMN is poorer than ESAFN’s appearance (Table 1) in
accuracy and MACRO-F1, which means the stability and accuracy of MIMN is lower than ESAFN’s
[18]. The reason is that the data of MIMN may not have an equal standard of ranks, which makes the
model can’t get the standard and ranking method of the dataset.

4. Discussion

ESANEF still does not perform very well when the entity’s tendency is normal, and Murahartawaty
Arief and Noor Azah Samsudin give a method to identify normal accurately [19]. Also, the structure
of MIMN directly connects Inception and LSTM, which leads the model can’t be able to find the
complex relationship between multiple models through this linear connection. To overcome this,
Deng gives a method to help the model understand the complex nonlinear relation [20]. But these
mode still have some restrictions and fault. For example, it still needs humans to label sentiment
entries, and further analysis can divide the label more specifical to guide models to realize the
sentiment from more aspects and can finetuning a Large Language Model to extract the sentiment
aspect to make the model process complex and various tasks.

5. Conclusion

This paper presents two types of multiply-model semantic analysis model, ESANF and MIMN, and
compares them in many aspects, such as picture process, text process, and result. And it is apparent
that ESAFN has a border usage and higher usage to face the various posts in social media due to its
dataset structure and collection, and the accuracy of ESAFN is higher. MIMN uses GRU and
bidirectional LSTM, also giving some inspiration to forward multiply model semantic analysis and
saving more training resources. In conclusion, ESAFN and MIMN make a big achievement, which
can apply in user picture to accurate push information for user to improve user’s experience, in
Multimodal but still have some restrictions.
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